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Abstract 
Many kinds of upper limb rehabilitation systems have been developing for physically weak and/or injured patients to assist their daily life 
activities and promote their quality of life. Among those systems, EMG controlled rehabilitation systems provide the most effective and 
fastest ways to restore the lost functions due to such weakness and injuries. This paper presents the prediction of shoulder angle based on 
acquisition of surface electromyogram (sEMG) signals. Backpropagation neural network (BPNN) controller is developed to predict the 
angle of shoulder flexion/extension and abduction/adduction movements. Virtual Reality (VR) human model is developed to simulate the 
predicted shoulder angle which results from BPNN controller. Four sEMG signals are collected from user arm muscles and processed to 
extract their feature with root mean square (RMS) method. Then, the signals features directed to the neural network as input and the 
network predicts the angle of the shoulder joint as an output. The angles from BPNN drive the shoulder joint of the VR human model in 
virtual environment. Experiments were carried out to evaluate the effectiveness of the developed system and it was found that the 
constructed BPNN model and VR model can well represent the relationship between sEMG and shoulder joint angles and rotation. These 
positive results elaborate a move to design and develop the EMG controlled upper limb rehabilitation robot system to rehabilitate the 
physically weak person and paralysed patients.      
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Nomenclature 
sEMG (i)    amplitude of the signal in ith sampling 
N      number of samples 
w      weight vector 
k      index of iterations 
D      learning constant 
g      gradient 
J      Jacobian matrix 
      combination coefficient 
I      identity matrix 
e      training error 
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1. Introduction 
Rehabilitation is essential for those who physically weak person, injured person and/or paralyzed patients due to spinal 
cord injury (SCI), traumatic brain injury (TBI) or stroke. Such injuries will limit the patients to perform their daily life 
activities which will result in poor quality of life. Rehabilitation is the process of training that someone to recover or 
improve their lost functions as a result of injury or illness. It should start as soon as patients are stabilized with medical 
condition and should end only when there is no sign or symptom of injury or illness. In recent years, many kinds of upper 
limb rehabilitation systems have developed to restore the lost functions and promote their quality of life. Rehabilitation 
systems can be various approaches such as robotic approach as in [1-3], virtual reality approach which can be found in [4, 5] 
followed by combination of robotic and virtual reality [6, 7] and recently augmented reality approach [8-10] have developed 
to improve the user motivation. However, it was found that normal rehabilitation system are not providing fast recovery and 
effective system unless the system is integrated with biofeedback [11]. Therefore, many researchers from recent decades 
have integrated with human biological signals as a biofeedback in rehabilitation systems. As far as biosignal is concerned, 
most of the researchers exploited the electromyogram (EMG) signals as a biofeedback to predict the user intended 
movement. EMG biofeedback engages measuring the patient's muscle tension and conveying it to them in real time in order 
to increase their awareness and conscious control of the related movement. Therefore, it becomes one of the most important 
biological signals that directly reflected the user motion intention and can provide indication about the patients’ recovery 
due to the brain plasticity nature. As a result of this advantages, EMG signals is often used as control signals in 
rehabilitation robotic systems [12-14] and virtual models which mimic the human upper or lower limb [15-17]. We have 
also developed augmented reality based upper limb rehabilitation systems with biofeedback [18, 19] and virtual reality 
based rehabilitation system [20].  
In general, each muscle activity for certain movement is highly nonlinear due to the variation of muscle moments arms 
along with the joint angles [21, 22]. To accommodate such limitation, neural network is widely used as it can work with the 
data that relationships are difficult to describe adequately with conventional approaches and capturing of associations or 
discovering regularities within a set of patterns. Several types of neural network are employed as a rehabilitation controller 
which integrated with EMG signals. In work published in [23-25], neuro-fuzzy controller with EMG was used to control the 
exoskeleton while feedforward and backpropagation neural network were employed to predict the limb joint motions in [12, 
26]. In the other work, adaptive neural network was employed to control the upper extremity neuroprothesis [27]. In our 
system, backpropagation neural network (BPNN) was employ to predict the user intended motion. The structure of the 
proposed sEMG based BPNN system for shoulder joint angle prediction is depicted in Fig 1. The complete system consists 
of three modules: EMG signal measurement and processing, BPNN controller and VR model simulation. This development 
leads towards the development of rehabilitation robot with user intended motion via sEMG. 
The rest of the paper is organized as follows. Section 2 describes EMG signal measurement and processing while section 
3 presents the construction of BPNN controller. Section 4 explains the development of virtual model simulation. Section 5 
 
Fig. 1. Structure of Proposed System 
 
Fig. 2. Example of sEMG to RMS 
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gives the experiment results followed by conclusion in section 6.  
2. Electromyogram (EMG) Measurement and Processing 
The electrical signal associated with the contraction of a muscle is called an electromyogram (EMG). This signal 
provides the basic information of muscle activities such as contracting of the muscles, rate of tension build-up, fatigue, and 
reflex activities. Therefore, it becomes very important information in many clinical and biomedical applications. There are 
two ways to obtain the EMG data: surface EMG (sEMG) method where sensor is attached to the user skin or intramuscular 
EMG method where needle electrode is inserted via skin into muscle tissue. In this work, sEMG method is utilized and 
detection of EMG signals is accomplished by BioGraph Infinity from Thought Technology via MyoScan sensor [28]. The 
signal is collected from muscle fibers via electrodes. The raw signals is then amplified, filtered and extracted with the root 
mean square (RMS) which can be found in Equation (1). The signals is sampling at 2048 samples per second in this work. 
The example of raw and extracted sEMG is shown in Fig 2. The block diagram of the sEMG acquisition and processing is 






Four sEMG signals were collected from anterior deltoid, posterior deltoid, biceps brachii and triceps brachii. They were 
used to predict user shoulder joint angles from 0 to 90 degrees. The location of the sensors is depicted in Fig 4. It is difficult 
to attain the same sEMG signals of same movement even from the same person. Moreover, the activation level of individual 
muscle is varies with many factors such as type of movements, different person and external load etc. The collected sEMG 
data were employed as input for BPNN controller to predict the joint angle which will discuss in the next section. 
3. Backpropagation Neural Network (BPNN) Controller 
Development of artificial neural network (ANN) was inspired by biological neural networks which can solve a variety of 
problems such as prediction, control, optimization, clustering and pattern recognition. Among several types of training 
method, backpropagation was employed in this work. Backpropagation works by minimizing the error of the network using 
the derivatives of the error function. Backpropagation is a form of supervised training and calculates the derivatives flows 













Fig. 3. Block diagram of sEMG acquisition and processing 
 
Fig. 4. Location of the sEMG electrodes 
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Three layer backpropagation neural network (BPNN) is constructed with sEMG signals as input to predict the angle of 
the shoulder joint. The structure of the BPNN is portrayed in Fig 5. From the figure, the input layer consists of four nodes 
which represent four sEMG signals from anterior deltoid (A.Deltoid), posterior deltoid (P.Deltoid), biceps brachii 
(B.Brachii) and triceps brachii (T.Brachii). In the hidden layer, the nodes had set to 20. The output layer consists of only one 
node which predicts the angle of the shoulder joint. All the input data have trained with Levenberg-Marquardt algorithm in 
hidden layer. This algorithm is a combination of steepest descent method and Gauss-Newton algorithm to inherit the speed 
benefit of Gauss-Newton algorithm and stability of steepest descent method. The steepest descent algorithm, Gauss-Newton 
algorithm and Levenberg-Marquardt algorithm can be represent as in Equation (2), Equation (3) and Equation (4) 
respectively. During the neural network training process, the chosen algorithm switches between the steepest decent and 
Gauss-Newton algorithms depend on combination coefficient. If the combination coefficient is very small which almost 
zero, Gauss-Newton algorithm is used. If the combination coefficient is very large, the steepest decent method is utilized 
due to the relationship between the learning constant and combination coefficient as depicted in Equation (5). The target is 
the rotational angle of shoulder joint in flexion/ extension or abduction/adduction (0 to 90 degrees). The output of the BPNN 
serves as an input for the VR model which will explain in following section. 
 
                                                                              (2) 
 
 
                                                                   (3) 
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                                                                                       (5) 
 
 
4. EMG driven Virtual Human Model 
The construction of the human model has developed in swirlX3D. Since the model was built for animation purpose, the 
rotation of the joint segments of the model should mimic the normal human joint rotation of the limbs. This kind of 
manipulation of joint rotations has been achieved by “Humanoid” node in swirlX3D as shown in Fig 6(a). The model was 
then exported as a VRML format (*.wrl) to communicate with BPNN controller and simulation of human model took place 
in V-Realm Builder environment as illustrated in Fig 6(b). 
In VR model, the joint is selected using the joint.ROTATION=[X Y Z Angle] command as shown in Table1. The values 
of X, Y, Z are Booleans where 1 for chosen and 0 for not chosen for linear movement which permit the rotation of the 
segment in three axis. Table 1 depicted the fragment of code that the shoulder joint of right arm that rotate about x-axis for 
flexion/extension and z-axis for abduction/adduction with the angle of theta in radian unit. In VR environment X direction is 
kkk αgww  1
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Fig. 5. Illustration of constructed BPNN structure 
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left to right, Y direction is up and down, and Z direction is into the screen and out of the screen.   
Table 1. Shoulder joint rotation control algorithm 
r_arm.rotation=[1 0 0 theta]; 
  for theta=phase_1:-0.05:phase_1-0.075*pi  
    vrdrawnow; 
  end 
phase_1=theta; 
r_arm.rotation=[0 0 1 theta]; 
  for theta=phase_1:-0.05:phase_1-0.075*pi  
      vrdrawnow; 
  end 
phase_1=theta; 
 
The EMG based BP NN controller will provide the angle command to animate the VR model. The output angle of tested 
BP NN is the theta value to rotate the joint of VR model. In this paper, the shoulder flexion and abduction angle is limited to 
0 to 90 degree and shoulder extension and adduction angle is limited to 90 to 0 degree with the increment of 0.05 units for 
smooth rotation.  
5. Experiment Result 
In order to evaluate the effectiveness of the developed system, experiment has been carried out for shoulder 
flexion/extension and shoulder abduction/adduction motion. The sEMG electrodes were attached to anterior deltoid, 
posterior deltoid, biceps brachii and triceps brachii, as shown in the Fig 4, from two healthy subjects, one male and one 
female. We have collected the 47 groups of sEMG data for shoulder flexion/extension movements and 56 groups of sEMG 
data for shoulder abduction/adduction movements with almost same speed and amplitude. From the collected data, 25 
groups of each motion were used as training data set and the rest were served as testing data. The output of the BPNN 
provide an angle of shoulder joint movement in degree, in our case is 0 to 90 degree for flexion and abduction, and 90 to 0 
to extension and adduction movement. First, the data were trained by backpropagation neural network (BPNN) in Matlab 
and Fig 7 shows the comparison between the target angle and predicted angle from the trained BPNN. It shows that the 
target angle of the shoulder movement and predicted angle from trained network is nearly coincided which provides the 
good training result. Next, based on this trained network, the testing was carried out with testing data and the result of the 
testing is depicted in Fig 8. It shows the combination of sEMG signals together with predicted shoulder angle movement. In 
Fig 8(a), nine cycles of shoulder flexion and extension have shown and the peak of the signals represents the measured 
muscles are most contracted with shoulder flexion at 90 degree where nadir of the signals refers to the measured muscles are 
at rest with shoulder extension at 0 degree. Similarly, Fig 8(b) represents the eight cycles of shoulder abduction and 
adduction and peak of the signals represents the measured muscles are most contracted with shoulder abduction at 90 degree 
where nadir of the signals shows that measured muscles are at rest with shoulder adduction at 0 degree. From testing results, 
it was clearly found that the sEMG contraction of the arm muscles and shoulder angle movements are well correlated based 
(a)  (b)  
Fig. 6. (a) Humanoid” node in swirlX3D and (b) Virtual Reality (VR) Model in V-Realm Builder environment 
1014   Yee Mon Aung and Adel Al-Jumaily /  Procedia Engineering  41 ( 2012 )  1009 – 1015 
on BPNN that applied in this paper. Finally, the output of the neural network which is the angle for the shoulder joint 
rotation provide to the VR model to simulates the shoulder flexion and extension, shoulder abduction and adduction and 
shoulder horizontal flexion and extension in virtual world. The results of VR simulation are depicted in Fig 9 and Fig 10. 
6. Conclusion 
The sEMG controlled virtual human model based on BPNN is presented in this paper. Four sEMG signals were collected 
from healthy subjects and utilized as input to BPNN after processing. Three layers BPNN then predicted the shoulder angle 
(a)     (b)  
Fig. 7. Result of Training angle with BPNN and Target angle for (a) Shoulder Flexion/Extension and (b) Shoulder Abduction/Adduction 
(a)     (b)  
Fig. 8. Result of predicted angle with sEMG during (a) Shoulder Flexion/Extension and (b) Shoulder Abduction/Adduction 
(a)   (b)  (c)  (d)    
Fig. 9. Result of Simulation in VR environment: (a-d) Shoulder Flexion (d-a) Shoulder Extension 
(a)   (b)  (c)  (d)  
Fig. 10. Result of Simulation in VR environment: (a-d) Shoulder Abduction (d-a) Shoulder Adduction 
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of rotation in flexion/extension and abduction/adduction movement from the input sEMG. These predicted angles by BPNN 
were served as input for the joint angle of VR model and result in VR model simulation. The experiments were carried out 
for neural network training, testing with neural network to predict the angle of rotation and VR model simulation. The result 
of the BPNN training and testing provided with very encouraging prediction of angle based on input sEMG signals. The 
simulation of the VR model also showed the effectiveness of the developed system. As far as future work is concerned, the 
VR model will be replaced with physical rehabilitation robot as an EMG controlled upper limb rehabilitation system to 
rehabilitate the physically weak and paralysed patients.       
References 
[1] J. C. Perry, J. Rosen, and S. Burns, "Upper-Limb Powered Exoskeleton Design," Mechatronics, IEEE/ASME Transactions on, vol. 12, pp. 408-417, 
2007. 
[2] T. Nef, M. Guidali, and R. Riener, "ARMin III - arm therapy exoskeleton with an ergonomic shoulder actuation," Applied Bionics & Biomechanics, 
vol. 6, pp. 127-142, 2009. 
[3] K. Jordan, M. Sampson, J. Hijmans, M. King, and L. Hale, "ImAble system for upper limb stroke rehabilitation," in Virtual Rehabilitation (ICVR), 
2011 International Conference on, 2011, pp. 1-2. 
[4] M. Villiger, M.-C. Hepp-Reymond, P. Pyk, D. Kiper, K. Eng, J. Spillman, et al., "Virtual reality rehabilitation system for neuropathic pain and motor 
dysfunction in spinal cord injury patients," in Virtual Rehabilitation (ICVR), 2011 International Conference on, 2011, pp. 1-4. 
[5] M. da Silva Cameirão, S. Bermúdez i Badia, E. Duarte, and P. F. M. J. Verschure, "Virtual reality based rehabilitation speeds up functional recovery 
of the upper extremities after stroke: A randomized controlled pilot study in the acute phase of stroke using the Rehabilitation Gaming System," 
Restorative Neurology and Neuroscience, vol. 29, pp. 287-298, 2011. 
[6] R. Loureiro, F. Amirabdollahian, M. Topping, B. Driessen, and W. Harwin, "Upper Limb Robot Mediated Stroke Therapy—GENTLE/s Approach," 
Autonomous Robots, vol. 15, pp. 35-51, 2003. 
[7] W. Harwin, R. Loureiro, F. Amirabdollahian, M. Taylor, G. Johnson, E. Strokes, et al., "The GENTLE/S project: A new method of delivering neuro-
rehabilitation," Assistive technology added value to the quality of life AAATE, vol. 1, pp. 36-41, 2001. 
[8] J. W. Burke, M. D. J. McNeill, D. K. Charles, P. J. Morrow, J. H. Crosbie, and S. M. McDonough, "Augmented Reality Games for Upper-Limb 
Stroke Rehabilitation," in Games and Virtual Worlds for Serious Applications (VS-GAMES), 2010 Second International Conference on, 2010, pp. 75-
78. 
[9] A. Alamri, C. Jongeun, and A. El Saddik, "AR-REHAB: An Augmented Reality Framework for Poststroke-Patient Rehabilitation," Instrumentation 
and Measurement, IEEE Transactions on, vol. 59, pp. 2554-2563, 2010. 
[10] J. W. Burke, P. J. Morrow, M. D. J. McNeill, S. M. McDonough, and D. K. Charles, "Vision Based Games for Upper-Limb Stroke Rehabilitation," in 
Machine Vision and Image Processing Conference, 2008. IMVIP '08. International, 2008, pp. 159-164. 
[11] H. Huang, S. Wolf, and J. He, "Recent developments in biofeedback for neuromotor rehabilitation," Journal of NeuroEngineering and Rehabilitation, 
vol. 3, p. 11, 2006. 
[12] F. Zhang, P. Li, Z.-G. Hou, Z. Lu, Y. Chen, Q. Li, et al., "sEMG-based continuous estimation of joint angles of human legs by using BP neural 
network," Neurocomputing, vol. 78, pp. 139-148, 2012. 
[13] M. A. Mikulski, "Electromyogram control algorithms for the Upper Limb Single-DOF Powered Exoskeleton," in Human System Interactions (HSI), 
2011 4th International Conference on, 2011, pp. 117-122. 
[14] R. A. R. C. Gopura and K. Kiguchi, "Electromyography (EMG)-signal based fuzzy-neuro control of a 3 degrees of freedom (3DOF) exoskeleton 
robot for human upper-limb motion assist," Journal of the National Science Foundation of Sri Lanka, vol. 37, pp. 241-248, 2009. 
[15] A. A. Nikooyan, H. E. J. Veeger, P. Westerhoff, B. Bolsterlee, F. Graichen, G. Bergmann, et al., "An EMG-driven musculoskeletal model of the 
shoulder," Human Movement Science, vol. 31, pp. 429-447, 2012. 
[16] M. Sha, M. Varley, S. Lik-Kwan, and J. Richards, "EMG Biofeedback Based VR System for Hand Rotation and Grasping Rehabilitation," in 
Information Visualisation (IV), 2010 14th International Conference, 2010, pp. 479-484. 
[17] L. Fraiwan, M. Awwad, M. Mahdawi, and S. Jamous, "Real time virtual prosthetic hand controlled using EMG signals," in Biomedical Engineering 
(MECBME), 2011 1st Middle East Conference on, 2011, pp. 225-227. 
[18] A. Yee Mon and A. Al-Jumaily, "Rehabilitation exercise with real-time muscle simulation based EMG and AR," in Hybrid Intelligent Systems (HIS), 
2011 11th International Conference on, 2011, pp. 641-646. 
[19] A. Dinevan, A. Yee Mon, and A. Al-Jumaily, "Human computer interactive system for fast recovery based stroke rehabilitation," in Hybrid Intelligent 
Systems (HIS), 2011 11th International Conference on, 2011, pp. 647-652. 
[20] C. Kaluarachchi, A. Yee Mon, and A. Al-Jumaily, "Virtual games based self rehabilitation for home therapy system," in Hybrid Intelligent Systems 
(HIS), 2011 11th International Conference on, 2011, pp. 653-657. 
[21] W. M. Murray, S. L. Delp, and T. S. Buchanan, "Variation of muscle moment arms with elbow and forearm position," Journal of Biomechanics, vol. 
28, pp. 513-525, 1995. 
[22] H. Graichen, K. H. Englmeier, M. Reiser, and F. Eckstein, "An in vivo technique for determining 3D muscular moment arms in different joint 
positions and during muscular activation – application to the supraspinatus," Clinical biomechanics (Bristol, Avon), vol. 16, pp. 389-394, 2001. 
[23] R. A. R. C. Gopura, K. Kiguchi, and L. Yang, "SUEFUL-7: A 7DOF upper-limb exoskeleton robot with muscle-model-oriented EMG-based control," 
in Intelligent Robots and Systems, 2009. IROS 2009. IEEE/RSJ International Conference on, 2009, pp. 1126-1131. 
[24] Y. Hayashi, K. Kiguchi, and R. Dubey, "Torque optimization for a 7DOF upper-limb power-assist exoskeleton robot," in Robotic Intelligence In 
Informationally Structured Space (RiiSS), 2011 IEEE Workshop on, 2011, pp. 49-54. 
[25] R. T. Lauer, B. T. Smith, and R. R. Betz, "Application of a neuro-fuzzy network for gait event detection using electromyography in the child with 
Cerebral palsy," Biomedical Engineering, IEEE Transactions on, vol. 52, pp. 1532-1540, 2005. 
[26] K. Suncheol and K. Jung, "Real-Time Upper Limb Motion Estimation From Surface Electromyography and Joint Angular Velocities Using an 
Artificial Neural Network for Human-Machine Cooperation," Information Technology in Biomedicine, IEEE Transactions on, vol. 15, pp. 522-530, 
2011. 
[27] J. G. Hincapie, D. Blana, E. Chadwick, and R. F. Kirsch, "Adaptive neural network controller for an upper extremity neuroprosthesis," in Engineering 
in Medicine and Biology Society, 2004. IEMBS '04. 26th Annual International Conference of the IEEE, 2004, pp. 4133-4136. 
[28] Thought Techonology. (May, 2012). Available: http://www.thoughttechnology.com/ 
